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ABSTRACT OF THESIS

BACTERIA IN BIOETHANOL FERMENTATIONS

To gain a better understanding of contaminating bacteria in bioethanol industry, we profiled the
bacterial community structure in corn-based bioethanol fermentations and evaluated its correlation
to environmental variables. Twenty-three batches of corn-mash sample were collected from six
bioethanol facilities. The V4 region of the collective bacterial 16S rRNA genes was analyzed by
Illumina Miseq sequencing to investigate the bacterial community structure. Non-metric
multidimensional scaling (NMDS) ordination plots were constructed to visualize bacterial
community structure groupings among different samples, as well as the effects of multiple
environmental variables on community structure variation. Our results suggest that bacterial
community structure is facility-specific, although there are two core bacterial phyla, Firmicutes and
Proteobacteria. Feedstock, facility, and fermentation technology may explain the difference in
community structure between different facilities. Lactic acid, the most important environmental
variable that influences bacterial community structure grouping, could be utilized as an indicator of
bacterial contamination. We also identified genes responsible for the multiple antibiotic-resistance
phenotype of an Enterobacter cloacae strain isolated from a bioethanol fermentation facility. We
performed PCR assays and revealed the presence of canonical genes encoding resistance to
penicillin and erythromycin. However, a gene encoding resistance to virginiamycin was not
detected.
KEYWORDS: Bioethanol Fermentation, Next-generation Sequencing, Bacterial Community
Structure, Lactic Acid Bacteria, Antibiotic Resistance
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Chapter1: Introduction
1.1 Bioethanol
In the 21st century, one of the greatest challenges for the world is to fulfill the increasing
demand for energy. Hence, a concern for exploiting alternative energy sources has been
growing globally [1, 2]. Several countries such as Brazil, France, and the USA have been
working on replacing petroleum-derived fuels with liquid or gaseous biofuels. Compared to
fossil fuels, biofuels are commonly considered to have three advantages as an alternative
energy. First, biofuels are produced from renewable resources, which makes them
theoretically sustainable [3]. Second, they are more eco-friendly than fossil fuels in that
consuming biofuels leads very low sulfur content in the atmosphere [4]. Third, unlike fossil
fuels, the raw materials that can be used to produce biofuels are widely distributed through
the world.

Biofuels provide several potential alternatives to petroleum-based fuels; bioethanol alone
takes over 95% of this share in the United States [5]. Bioethanol feedstock is usually
classified into three types depending on the ultimate source of carbon. The first is sucrosecontaining feedstock (e.g. sugar beet, sugar cane, sweet sorghum). The second is starchbased feedstock (e.g. grains from barley, corn, and wheat). The third is lignocellulosic
biomass (e.g. grasses, straw, and wood), which is also considered second-generation
feedstock as it is harder to extract biofuels from biomass [6]. In the United States, corn grains
are used as the primary feedstock for current ethanol production. According to the
Renewable Fuels Association (RFA 2014), in 2013, over 98% of bioethanol was produced
from corn grains in the United States.
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There are two methods for corn-based bioethanol production: wet-mill and dry-grind. The
wet-mill process could produce several high-value co-products besides ethanol, but it
requires more capital and energy for ethanol production compared to the dry-grind process.
Hence, until now the traditional dry-grind method is still responsible for 90% of ethanol
production in the United States (RFA 2014). In the dry-grind process, corn kernels are first
hammered into a medium-to-fine meal. After grinding, the meal is mixed with water, creating
a "mash". At that time, starch within the mash is liquefied by the enzyme alpha amylase at
85°C to reduce dextrin chain length and mash viscosity. The subsequent saccharification of
mash to produce glucose is performed enzymatically by adding glucoamylase at 60°C. After
the mash is cooled, Saccharomyces yeast are added to convert glucose to ethanol and carbon
dioxide through fermentation. Ultimately, ethanol is separated from the solids and water in
the mash by distillation and purified through a molecular sieve dehydration system to obtain
100% ethanol. The remaining byproduct, known as distillers grains plus solubles (DGS), is
utilized as animal feed [7].

1.2 Bioethanol Industry in the US
In the United States, a robust bioethanol industry has been developing over the past 30 years.
Corn-based ethanol production has increased from 662 million liters in 1980 to over 49
billion liters in 2010 [8].The Energy Policy Act (EPA) of 2005 dictated that 7.5 billion
gallons of renewable fuels was to be blended into gasoline by 2012. The subsequent Energy
Independence and Security Act (EISA) of 2007 required 36 billion gallons of renewable
biofuels to be produced through the Renewable Fuel Standard (RFS) program by the year
2022. Today, there are more than 200 corn-based ethanol plants in the United States, capable
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of producing approximately 56 billion liters of bioethanol. In 2013, bioethanol production
replaced 10% of the gasoline supply in the United States, which equals to gasoline refined
from the crude oil imported from Venezuela and Iraq combined. Today, over 96% of
gasoline in the United States is blended with ethanol (RFA 2014).

1.3 Bacterial Contamination
One of the major economic issues with large-scale fuel ethanol fermentations is microbial
contamination of the fermentation apparatus. Chronic microbial contamination occurs
because fuel ethanol fermentations are not designed to be conducted under pure culture and
sterile conditions [9-11]. For example, the process temperatures cannot exceed 90 degree
Celsius because of the sensitivity of enzymes responsible for the saccharification of grain
starch, and energy savings. Hence, the temperature is not high enough to eliminate
contaminating microbes [12]. Both wild yeast and bacteria can be associated with bioethanol
contamination, but the latter is considered to cause more pervasive and severe problems in
the bioethanol industry [13, 14]. There are two sources of contamination: direct and indirect.
The contaminating bacteria could either originate from materials that are added to
fermentations like corn, inocula, enzyme additions, corn steep liquor (direct sources), or
fermentation facilities such as transfer pipes, heat exchangers, and pumps (indirect sources).
Bacterial contamination is a significant concern in the bioethanol industry because it leads to
major economic losses and disruption in performance. First, contaminating bacteria can
outcompete yeast for sugars and essential micronutrients, decreasing ethanol yield and
narrowing profit margins [15]. Second, besides nutrient depletion, the contaminating bacteria
produce end products like acetic acid and lactic acid instead of ethanol, both of which can
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inhibit the growth of the yeast Saccharomyces cerevisiae. The organic acids produced
usually increase lag phase time and reduce the growth rate of yeast, which decreases the
efficiency of the fermentation and sometimes leads to a “stuck fermentation” (little or no
conversion of sugar into ethanol) [13, 16]. A plant with a stuck fermentation requires a costly
shut down for cleaning and repairs for the producer.

1.4 Antibiotics and Resistance
For facilities with repeated contamination issues, antibiotics are used prophylactically to
eliminate bacteria from the fermentation apparatus. In the bioethanol industry, antibiotics
such as penicillin, virginiamycin, streptomycin, and tetracycline have been used to control
bacterial contamination. In the United States, contaminating bacteria are usually controlled
by the commercially available antibiotics virginiamycin, penicillin, and erythromycin [1720]. However, there have been antibiotic resistant strains observed and isolated from fuel
ethanol plants. Antibiotic resistance development derives from many potential factors, such
as improper use. Lushia and Heist [18] reported that isolates exhibiting multiple antibioticresistance have been observed from ethanol plants experiencing contamination issues. They
observed a Weissella confusa strain resistant to up to 25 ppm of virginamycin. They also
recovered a Pediococcus acidilactici strain that exhibited high resistance to both penicillin
(50 ppm) and virginiamycin (100 ppm).

Bischoff et al. [21] assessed antibiotic resistance capacity among bacteria isolated from
ethanol plants. They reported that isolates from dry-grind antibiotic-using facilities presented
higher resistance to antibiotics such as ampicillin, penicillin, chloramphenicol, tetracycline
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and virginiamycin than isolates from wet-mill facilities without addition of antibiotics. They
also found that strains exhibiting resistance to virginiamycin were also resistant to penicillin,
and they suggested that improper usage of virginiamycin could help bacteria to obtain
resistance to other antibiotics. All in all, the emergence of antibiotic-resistant bacteria in fuel
ethanol plants limits the effectiveness of antibiotic agents, posing a challenge to the ethanol
industry for long-term suppression of bacterial contamination.
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Chapter 2: Characterization of Microbial Community Structure in Corn-based
Bioethanol Fermentations
2.1 Introduction
2.1.1 Lactic Acid Bacteria
A variety of Gram-positive and Gram-negative bacteria have been found in fuel ethanol
fermentations including species of Acetobacter, Bifidobacterium, Clostridium, Enterococcus,
Gluconobacter, Lactobacillus, Lactococcus, Leuconostoc, Pediococcus, and Weissella [13,
18, 22, 23]. Most of these are considered lactic acid bacteria (LAB), which comprise a clade
of Gram-positive, low G+C content (<55 mol%), non-spore forming cocci, coccobacilli or
rods. Many genera of bacteria produce lactic acid as a primary or secondary end-product of
fermentation. However, the term “lactic acid bacteria” is conventionally assigned to the order
Lactobacillales, which includes Lactobacillus, Lactococcus, Leuconostoc, Pediococcus,
and Streptococcus at its core, as well as Aerococcus, Carnobacterium, Enterococcus,
Oenococcus, Tetragenococcus, Vagococcus, and Weissella at its periphery. Although some
Enterococcus, Lactobacillus, and Pediococcus spp. are considered probiotics that show
health-promoting effects to a mammalian host, in the context of fuel ethanol industry LAB
are the most common contaminants and highly detrimental to fermentation. They are adapted
to aerobic and anaerobic environments and fairly acidophilic, fermenting carbohydrates to
lactic acids as the major catabolic end-product. In a natural fermentation, these attributes help
LAB to outcompete other bacteria in that newly produced organic acids will not have a major
influence on them. Besides tolerance to low pH, LAB also exhibit high tolerance to ethanol
and high temperature [24]. In industrial fermentation environments, not only could LAB
inhibit the growth of yeast by competition for nutrients and production of organic acids, but
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also other compounds produced by LAB such as diacetyl, reuterin, and fatty acids contribute
to the inhibition of ethanol production [17].

Species within the genera of Lactobacillus, Leuconostoc, Pediococcus, and Weissella are
among the most commonly found LAB species in the fuel ethanol industry [18, 25]. Among
them, Lactobacillus species are the most abundant contaminants. In the United States,
Lactobacillus species have been reported to be responsible for between 36%-77% of all
contaminating isolates found in corn-based fuel ethanol facilities [13, 21]. Chang et al.
(1995) conducted a study on bacterial contaminants in tapioca-based fermentation plant in
Korea and they found that the contaminants preserved through the fermentation process were
almost all Lactobacillus spp. whose levels of CFU reached 1×108 CFU mL-1. In their
subsequent research, they observed that Lactobacillus fermentum alone, could lead to 10%
reduction in ethanol production [22]. Similar results were described by Bischoff et al. (2009)
when they simulated bacterial contamination in corn-based fermentation at bench scale.
When challenged with 108 CFU mL-1 of Lactobacillus fermentum, they observed that the
ethanol yield decreased by 27% [19]. In the fuel ethanol industry, even a 1% reduction in
ethanol production means significant financial loss to the producers, especially when some
plants are already running with little profit [15].

2.1.2 Traditional Culture-dependent Method and Its Limitations
Methods for characterizing microbial communities from a given environment can be culturedependent or culture-independent. The traditional culture-dependent approach relies on
growing microbes by providing nutrients and an environment similar to their natural habitats
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[26]. The major advantage of any culture-dependent method is that the subset of purified
isolates can be maintained and used for further phenotypic and/or genotypic characterization.
In most cases, various microbial cells can be separated from each other by plating serial
dilutions of samples on solid agar medium directly. Then colony-forming units (CFUs) can
be counted per each plate to estimate the number of cells present in the original sample.
Different microbial species may be differentiated by morphology. In the end, any single
colony can be further isolated and propagated for physiological, biochemical, and genomic
identification.

Progress using specialized techniques has been made to improve the effectiveness of culturedependent methods. This includes using gelling agents other than agar in solid media [27],
developing new culture media to maximize the recovery of microbial groups [28] , and
prolonging incubation time [29]. However, culture-dependent methods have certain
disadvantages. First, microbes are cultivated when their physiological and metabolic niche is
perceived and reproduced in vitro [30]. However, specific growth conditions such as
nutrition, temperature, aeration, light, and pH may not be feasible even in laboratory
conditions. Some reports suggest that cultivable cells only account for 0.01-0.1% of all cells
using culture-dependent technologies [31]. This view is endorsed by Staley (2006) who
claimed that most bacteria have not yet been described [32]. Second, bacteria that are fast
growing can outcompete slow growing species. Due to long doubling times, up to one
hundred days, bacteria with slow growth rates are likely to be overlooked during observation
[33]. Third, some bacterial cells may enter into a viable but not cultivable phase. For
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instance, some injured organisms cannot recover and survive the stresses imposed by
cultivation [34].

2.1.3 Culture-independent Method and Its Limitations
To overcome the biases of culture-dependent approaches, culture-independent techniques
have been introduced with the intent to provide a more sensitive, precise, and rapid solution
for microbial community characterization. The culture-independent techniques identify
microbes by analyzing their nucleic acid sequences without depending on cultivation,
revealing the enormous diversity of as-yet-uncultured organisms.

The development of the polymerase chain reaction method, which can amplify a specific
target gene over a million times with 30 reaction cycles, lays down the groundwork for
genomic fingerprint techniques [35]. Currently, the most frequently used and generally
accepted marker gene for detection, identification, and classification of prokaryotic
organisms is the 16S ribosomal RNA gene(16S rRNA gene) [36]. The gene encodes a critical
component of the 30S small subunit of the prokaryotic ribosome. The 16S rRNA gene is
essential for every prokaryotic cell to grow; without it, prokaryotic mRNAs cannot be
translated into protein. Besides its ubiquity, prokaryotic 16S rRNA gene contains 9
hypervariable regions (V1-V9) flanked by conserved regions. It is suggested that the
conserved regions, which can serve as anchors for universal or specific primer pairs, derive
from their critical role in cell function [37]. The 9 hypervariable regions, which show
considerable sequence diversity among species, are what allow for bacterial identification on
the species taxonomic level [38, 39]. Despite a lack of consensus for delineating prokaryotes
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at the species taxonomic level, it is generally accepted that if two prokaryotes share upwards
of 97% identity of the 16S rRNA gene, they are considered a common species [40, 41].
Currently, 16S rRNA gene sequence databases (e.g. SILVA, RDP, and Greengenes) have
been established as the largest gene-specific data set for prokaryotic taxonomy, and the
number of entries in the databases has been increasing continuously [42].

Two commonly used community fingerprinting techniques to profile the diversity of a
microbial community in a sample are the analyses of 16S rRNA gene PCR products by using
terminal restriction fragment length polymorphism (t-RFLP) and denaturing gradient gel
electrophoresis (DGGE) [43, 44]. They both present an overall snapshot of a microbial
community without the need for sequencing each PCR product. The disadvantages when
using those techniques are obvious in that it is not possible to directly identify microbes in a
sample.

The most common way to characterize microbial community structure and diversity is via
direct cloning and sequencing of the 16S rRNA genes in a sample, also known as 16S rRNA
gene amplicon sequencing. Using a traditional Sanger sequencing approach, also known as
"first generation sequencing", to achieve this goal is not practical because it would be
extremely time-consuming and expensive. Within the past ten years, DNA sequencing
technologies have made important breakthroughs, and post-Sanger sequencing technologies,
which are commonly referred to as "next-generation sequencing" (NGS) have been
developed [45]. NGS-based methods have opened up new avenues for revealing the
composition of microbial communities based on 16S rRNA gene analysis [46]. In
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comparison to Sanger sequencing, NGS methods have greatly increased sequencing
throughput via massive parallelization, generating an enormous volume of data at lower cost
in a shorter time. In the meantime, deep sequencing makes it possible to detect very low
abundance members in the community, which yet may profoundly impact functional
diversity and stability of the ecosystem [47]. Hence, NGS methods provide a better way than
Sanger sequencing for the interpretation of microbial community.

2.1.4 Objective
To achieve a high yield in corn-based ethanol fermentation, as microbiological factors the
bacterial community composition and dynamics should be better understood. The objective
of this study is to profile bacterial community structures in corn-based bioethanol
fermentation process via culture-dependent and culture-independent techniques, and to reveal
the bacterial community shift during fermentation, dissimilarity between community
structure of facilities and its correlation with environmental variables.

2. 2Materials and Methods
2.2.1 Corn Mash Sampling and HPLC Assays
Twenty-three batches of corn mash samples were collected from six commercial corn-based
bioethanol facilities. For the purposes of confidentiality, the six facilities were renamed A, B,
C, D, E, and F. Among them, facilities A, B, C, E, and F performed closed batch
fermentation processes in which inoculated yeast went through four typical growth phases
(lag, exponential, stationary, and death) and nothing was added nor removed during
fermentation. In contrast, facility D used a continuous fermentation strategy. A continuous
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fermentation facility is an open system. Nutrients and fresh yeast are added continuously into
the facility. Meanwhile, converted products are removed continuously with time. These
facilities, which were customers of Ferm Solution, Inc., represent a range of dry-grind
facilities across the United States. No antibiotics were added into any of these facilities. Each
batch consisted of five samples, collected from the beginning of the fermentation to the end.
The first sample was collected from the yeast propagation tank (named as PS, or “prop send”
sample), and the remaining four samples were taken from the fermentation tank during the
fermentation. Three were named according to sampling time after fermentation started
(according to the hour after the prop send), the last sample was named the DR sample, or
“drop”, which refers to the sample taken as the fermentation is being harvested at the end
(i.e. at fermentation “drop”). The liquid/solid combined mash samples were taken from
sample ports along the fermentation train using sterile 50 mL Falcon tubes (Thermo Fisher
Scientific, Waltham, MA). The tubes were immediately frozen and shipped overnight to
Ferm Solution Inc. Concentrations of acetic acid, glycerol, lactic acid, sugars, and ethanol of
mash samples were analyzed by HPLC. Mash sample was first filtered through Kimwipes
(Kimtech Science, Roswell, GA). The filtrate was further filtered into an autosampler vial
using a 0.22 µm syringe filter made of nylon (Tisch Scientific, Cleves, OH). The autosampler
vial containing at least 0.5 mL of sample was placed into an autosampler for HPLC analysis
by a LT-20AT (Shimadzu USA, Canby, OR). The standard for the HPLC was “Fuel Ethanol
Residual Saccharides Mix” (Sigma-Aldrich, St. Louis, MO). The HPLC analysis was
performed in isocratic mode with a mobile phase of 0.005N sulfuric acid. After HPLC
analysis, the samples were transported on ice to the University of Kentucky and stored at
minus 80°C for future analysis.
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2.2.2 Culturing and Counting of the Culturable Microorganisms
Mash samples were thawed on ice and then serially diluted in a LabGard Class II, Type A2
biosafety cabinet (NuAire, Inc., Plymouth, MN). For each sample, 100 µL of undiluted mash
was added into a 1.5 mL sterile test tube containing 900 µL of 0.85% (wt/vol) sodium
chloride solution. The tube was mixed well, after which two more serial dilutions were
performed using 0.85% (wt/vol) sodium chloride solution with mixing. 100 µL of each
dilution was plated in triplicate on de Man-Rogosa-Sharpe (MRS) (Research Products
International Corp. [RPI], Mount Prospect, IL) agar media with 200 ppm cycloheximide
(Sigma-Aldrich, St. Louis, MO) to inhibit fungal growth [48], and spread with sterile glass
beads. These inoculated plates were sealed by sealing film (Karlan Research Products
Corporation, Cottonwood, AZ) and incubated at 28°C in aerobic conditions. After five days
of incubation, the number of colony forming units (CFUs) was counted from each plate, and
the number of different colony types was recorded. Scatter plots were constructed to
investigate the possible relationship between CFUs and other environmental variables.

2.2.3 Extraction of Genomic DNA from Mash Samples
For each sample, 1 mL of ice-thawed mash was added to a sterile centrifuge tube and washed
with 500 µL of ice cold sterile phosphate buffered saline (PBS) solution (137 mM NaCl, 2.7
mM KCl, 10 mM Na2HPO4, 2 mM KH2PO4, pH 7.4). The mash was pelleted by
centrifugation. Afterwards, genomic DNA was extracted by using lysozyme (RPI, Mount
Prospect, IL) together with a GenElute Bacterial Genomic DNA kit (Sigma-Aldrich, St.
Louis, MO) following the manufacturer’s recommended protocol. The concentration of DNA
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was quantified using a BioTek micro-volume plate reader (Winooski, VT). Finally, the DNA
was stored at -20°C prior to 16S rRNA gene amplification.

2.2.4 16S rRNA GeneAmplification and Illumina Miseq Sequencing
Following DNA extraction, bacterial 16S rRNA genes were amplified by PCR using primers
that target the V4 hypervariable region of the 16S rRNA gene. The primers were designed
following Kozich et al. [49]. Both forward and reverse primers consist of the Illumina
adapter sequence (F: 5’-AATGATACGGCGACCACCGAGATCTACAC-3’; R: 5’CAAGCAGAAGACGGCATACGAGAT-3’), an 8 nucleotide barcode index sequence
(Table 2.1), a 10 nucleotide “pad” which prevents the formation of hairpin structure (F: 5’TATGGTAATT-3’; R: 5’-AGTCAGTCAG-3’), a 2 nucleotide linker sequence (F: 5’-GT-3’;
R: 5’-CC-3’), and a V4 region specific primer (F: 5’-GTGCCAGCMGCCGCGGTAA-3’; R:
5’-GGACTACHVGGGTWTCTAAT-3’). All primers were synthesized by Integrated DNA
Technologies (Coralville, IA).
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Table 2.1 Barcodes for Illumina Miseq sequencing.
Barcode name
SA503
SD503
SA505
SC503
SB507
SC502
SB505
SB508
SC501
SD504
SA712
SC702
SA703
SA711
SA708
SB704
SB706
SB707
SC705
SC712
SA701
SA709
SA710
SB705

Barcode sequence (5’-3’)
TAGCGATG
CGATCTAC
TCATCGAG
CGTCGCTA
GATCGTGT
ATATACAC
ACGTCTCG
GTCAGATA
ACGACGTG
TGCGTCAC
TCGCTATA
AGCGCTAT
AGTAGCGT
TCATAGAC
GTCGCTCG
CATAGAGA
CTCGTTAC
GCGCACGT
CTAGCTCG
TCGAGCTC
AACTCTCG
GTCGTAGT
TAGCAGAC
CGTAGATC

Forward or Reverse
Forward
Forward
Forward
Forward
Forward
Forward
Forward
Forward
Forward
Forward
Reverse
Reverse
Reverse
Reverse
Reverse
Reverse
Reverse
Reverse
Reverse
Reverse
Reverse
Reverse
Reverse
Reverse

The PCR was performed in 0.2 mL thin walled 8 tube strips using a S1000 Thermal Cycler
(Bio-Rad, Hercules, CA) in a total volume of 20 µL. Each PCR contained 17 µL of
AccuPrime Pfx SuperMix (Invitrogen, Carlsbad, CA), 1 µL of each primer (10 µM
concentration), 10 ng of template DNA, and PCR grade H2O (Sigma-Aldrich, St. Louis,
MO). PCR grade H2O was also added as template for the negative control. The high fidelity
polymerase in SuperMix provides an automatic "hot start" that increases specificity,
sensitivity, and yield. Hence, non-specific annealing to template DNA was minimized [50].
Thermal cycling parameters were as follows: an initial five min at 95°C; 30 cycles of 20 sec
at 95°C, 15 sec at 55°C and five min at 72°C; and a final extension of 72°C for 10 min. From
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each reaction, 2 µL was mixed with 1 µL loading dye (6×) and 3 µL nuclease-free H2O and
checked for size of the PCR product by gel electrophoresis. Gel electrophoresis was
conducted using 1.5% agarose gel made from 1×TAE buffer (40 mM Tris, 20 mM acetic
acid, and 1 mM EDTA, pH 8.0). Electrophoresis was generally performed at 100 volt for 30
min along with a GeneRuler 1 kb plus DNA ladder (Thermo Fisher Scientific, Waltham,
MA). After staining in ethidium bromide solution (0.5 µg/mL) for 30 minutes, and destaining
for 15 minutes, the gel was visualized under UV through a FOTO Investigator/FX Systems
(FOTODYNE Incorporated, Hartland, WI) using Analyst PC Image Acquisition Software
(FOTODYNE Incorporated, Hartland, WI).

PCR products were sent to Advanced Genetic Technologies Center (AGTC) at the University
of Kentucky for Illumina Miseq sequencing. The amplicon products were first cleaned up
using a magnetic bead capture kit, Agencourt AMPureXP (Beckman Coulter, Pasadena, CA).
The purified amplicons were quantified using a fluorometric nucleic acid stain kit
(PicoGreen, Thermo Fisher Scientific, Waltham, MA). Following quantification with
PicoGreen, the amplicons were normalized, pooled in equal concentrations, and mixed with
Illumina-generated PhiX control libraries. All 16S rDNA amplicons were then paired-end
sequenced (2×250 bp) on an Illumina Miseq platform at AGTC. The threshold value of the
Phred quality score was set to 30 (Q30). Reads that did not meet the threshold were
discarded. Multiplexing barcodes and primer sequences were removed from all the reads.
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2.2.5 Sequence Analysis
Processing and analysis of the sequence reads was performed using mothur
(http://www.mothur.org) version 1.33.3 following the Schloss lab standard operating
procedure (SOP)(June 7th, 2014) [49, 51]. First, forward reads and reverse reads were
assembled to form contigs. Any contigs that contained even one ambiguous base were
removed. The remaining sequences were aligned to a reference alignment produced from the
Silva bacterial 16S rRNA gene database [52], and any sequences that could not align to the
V4 region were discarded. Next, sequences with more than 8 nucleotide homopolymers were
removed because no sequences have been found in the database containing 9 or more of the
same base in a row. Assembled reads were also trimmed from 5' and 3' ends to confer them
the same starting and ending alignment coordinates. The identical sequences were then
grouped together as unique sequences, and their frequency in each sample were calculated.
To further de-noise sequences, a pre-clustering algorithm was performed allowing sequences
at a 99% similarity level to be merged. Next, the resulting sequences were checked for
potential chimeras using UCHIME [53]. After chimera removal, each remaining sequence
was classified against the Ribosomal Database Project (RDP) 16S rRNA gene training set
release 9 [54] which contains complete Greengenes database plus eukaryotic rRNA gene
sequences from the Silva database and a customized set of mitochondrial and chloroplast
rRNA gene sequences. This taxonomy assignment was performed using a naïve Bayesian
classifier with a bootstrap cutoff of 60%. Subsequently, sequences classified as Archaea,
Eukaryota, chloroplasts, and mitochondria were removed, as well as sequences that could not
be classified to the level of Kingdom. The remaining sequences were subsequently assigned
to operational taxonomic units (OTUs) at 97% similarity level. Before OTU-based analysis,
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the number of remaining sequences in each sample was rarified to 3,828 sequences by
random subsampling for normalization. Samples containing fewer than 3,828 sequences were
excluded from further analysis. The remaining OTUs in subsamples at 97% similarity level
were classified to the genus taxonomic level.

2.2.6 OTU-based Analysis
For alpha diversity analysis, rarefaction curves that defined the number of OTUs at a 97%
similarity level with respect to the total number of sequences were established using mothur
version 1.33.3. The software estimated whether sampling depth was adequate to precisely
characterize the bacterial community. Sampling completeness was calculated by Good’s
Coverage estimator [55]. Richness of OTU at 97% similarity level was assessed using Chao1
estimator [56]. Nonparametric Shannon index [57] was also calculated using mothur version
1.33.3. For beta diversity analysis, a two-way agglomerative hierarchical analysis was
performed using Ward’s method to group together similar top50 OTUs (the 50 most
abundant OTUs) and samples. Along with hierarchical analysis, a heatmap indicating
individual abundance of top50 OTUs was produced using JMP Pro 10 (SAS, Cary, NC).
Distance matrices between samples were calculated based on the Bray-Curtis dissimilarity at
OTU level, and used to construct non-metric multidimensional scaling (NMDS) ordination
plots to visualize groupings among different samples. NMDS plots were generated in PCORD version 6 on the "slow and thorough" autopilot mode. Ordination analyses were also
used to determine the effects of multiple environment variables measured by HPLC on
community variation.
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2.3 Results
2.3.1 Data Summary of Miseq Illumina Sequences
A total of 1.55× 107Illumina sequence reads were generated from 115 samples before
trimming for quality. After de-nosing and chimera removal, 4,044,750 high-quality 16S
rRNA gene V4 region sequences were generated. The number of sequences ranged from
1,769 to 357,040 per sample. To minimize the effects of uneven sampling efforts, random
subsampling for normalization lowered the number of reads to 3,828 for each sample. Four
batches, three from facility F (F1, F2, and F3) and one from facility C (C2), were excluded
from further analysis because they contained at least one sample which did not meet the
3,828 threshold. This left a total of 19 complete batches comprising at least 2 batches from
each facility. The remaining sequences clustered into a total of 1,363 OTUs at 97% sequence
similarity level. Among 1,363 OTUs, the top50 OTUs accounted for 93.4% of all sequences.

2.3.2 Rarefaction Curves
Rarefaction curves were created to measure how richness of OTU at the 97% similarity level
(assumed to differentiate to species level) varied with sampling efforts (Figure 2.1a-e).
Rarefaction curves all appear to level off at the noted sampling depth, indicating that this was
sufficient to characterize the bacterial community across all samples. Besides sampling
depth, rarefaction curves also reflected species richness observed in different samples.
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Figure 2.1a (continued) Rarefaction curves based on 16S rRNA gene sequence for batches
from facility A. The OTUs were defined at 97% similarity level. From facility A, two batches
were collected from each of four fermentors, and five samples were taken from each batch.
For example, A11-PS would represent facility A, fermentor 1, batch 1, and PS represents
time of sample collection.

.

Figure 2.1b Rarefaction curves based on 16S rRNA gene sequence for batches from facility
B. The OTUs were defined at 97% similarity level. From facility B, one batch was collected
from each of three fermentors, and five samples were taken from each batch. For example,
B1-PS would represent facility B, fermentor 1, and PS represents time of sample collection.
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Figure 2.1c Rarefaction curves based on 16S rRNA gene sequence for batches from facility
C. The OTUs were defined at 97% similarity level. From facility C, one batch was collected
from each of three fermentors, and five samples were taken from each batch. For example,
C1-PS would represent facility C, fermentor 1, and PS represents time of sample collection.

Figure 2.1d Rarefaction curves based on 16S rRNA gene sequence for batches from facility
D. The OTUs were defined at 97% similarity level. From facility D, three batches were
collected from one continuous fermentor, and five samples were taken from each batch. For
example, D11-PS would represent facility D, fermentor 1, batch1, and PS represents time of
sample collection.
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Figure 2.1e Rarefaction curves based on 16S rRNA gene sequence for batches from facility
E. The OTUs were defined at 97% similarity level. From facility E, one batch was collected
from each of three fermentors, and five samples were taken from each batch. For example,
E2-PS would represent facility E, fermentor 2, and PS represents time of sample collection.

2.3.3 Top50 OTUs and Two-way Cluster Analysis with Heatmap.
The top50 OTUs and their predicted taxa are listed in Table 2.2. Among them, 10 OTUs
were classified as Lactobacillus, accounting for more than 40% of all the top 50 OTU
sequences. For OTUs containing more than 10,000 sequences individually, each belonged to
the lactic acid bacteria clade except for top3 (Pseudomonas) and top7
(Escherichia_Shigella).

The OTU heatmap shows the relative abundance of each top50 OTU in a sample (Figure
2.2). A core OTU configuration common to all facilities could not be seen. For facility D,
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top4 or top6 OTUs constituted most of the sequences. Though the two OTUs were both
classified as Lactobacillus, through fermentations, top6 was outcompeted by top4. However,
in other facilities, they were not major components. For some batches from facility A, top1
(Lactobacillus) and top2 (Weissella) OTUs contributed the primary portion of sequences yet
they were barely seen in other facilities. These observations indicated that those OTUs were
facility-specific. Hierarchical clustering to visualize the differences in top50 OTU
distribution between samples showed that facility A and D clustered away (Figure 2.2).
However, the other three facilities clustered together, and it was hard to resolve their
variations. To further assess the differences of bacterial community structure in all facilities,
nonmetric multidimensional scaling (NMDS) analysis and a test for significance using
multiple response permutation procedure (MRPP) was performed.
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Table 2.2 Abundance and taxonomy of top50 OTUs.
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OTU No.

OTU
abundance
ranking

OTU00004
OTU00005

Top1
Top2

Total
sequences
assigned to
OTU
51343
48112

OTU00010
OTU00001
OTU00009
OTU00002

Top3
Top4
Top5
Top6

37267
36219
28520
28431

OTU00006

Top7

25235

OTU00007

Top8

17489

OTU00018
OTU00003
OTU00011

Top9
Top10
Top11

8211
6873
6499

OTU00020
OTU00008
OTU00022

Top12
Top13
Top14

5484
5214
3391

OTU00023

Top15

2392

OTU00062
OTU00013
OTU00056

Top16
Top17
Top18

2234
1977
1907

OTU00012

Top19

1591

Taxa

Bacteria;Firmicutes;Bacilli;Lactobacillales;Lactobacillaceae;Lactobacillus;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Leuconostocaceae;Weissella;
Bacteria;Proteobacteria;Gammaproteobacteria;Pseudomonadales;Pseudomonadaceae
;Pseudomonas;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Lactobacillaceae;Lactobacillus;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Streptococcaceae;Lactococcus;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Lactobacillaceae;Lactobacillus;
Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacteriales;Enterobacteriaceae
;Escherichia_Shigella;
Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacteriales;Enterobacteriaceae
;unclassified;
Bacteria;Proteobacteria;Alphaproteobacteria;Rhodospirillales;Acetobacteraceae;Acet
obacter;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Lactobacillaceae;Lactobacillus;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Enterococcaceae;Enterococcus;
Bacteria;Actinobacteria;Actinobacteria;Actinomycetales;Pseudonocardiaceae;unclassi
fied;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Lactobacillaceae;Lactobacillus;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Lactobacillaceae;Lactobacillus;
Bacteria;Proteobacteria;Epsilonproteobacteria;Campylobacterales;Campylobacterace
ae;Sulfurospirillum;
Bacteria;Thermodesulfobacteria;Thermodesulfobacteria;Thermodesulfobacteriales;Th
ermodesulfobacteriaceae;Thermodesulfobacterium;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Lactobacillaceae;Lactobacillus;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Lactobacillaceae;Lactobacillus;
Bacteria;Proteobacteria;Gammaproteobacteria;Xanthomonadales;Xanthomonadaceae
;Stenotrophomonas;
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OTU00037

Top20

1543

OTU00074

Top21

1332

OTU00026
OTU00028

Top22
Top23

1212
1201

OTU00154
OTU00017

Top24
Top25

1165
1130

OTU00014

Top26

963

OTU00209

Top27

930

OTU00016

Top28

857

OTU00031

Top29

811

OTU00067

Top30

749

OTU00015

Top31

664

OTU00158
OTU00061
OTU00129

Top32
Top33
Top34

597
491
470

OTU00041
OTU00298
OTU00024

Top35
Top36
Top37

447
447
444

OTU00081
OTU00073

Top38
Top39

442
437

Bacteria;Proteobacteria;Deltaproteobacteria;Desulfuromonadales;Geobacteraceae;G
eobacter;
Bacteria;Proteobacteria;Betaproteobacteria;Rhodocyclales;Rhodocyclaceae;Zoogloea
;
Bacteria;Actinobacteria;Actinobacteria;Actinomycetales;Pseudonocardiaceae;Sacchar
opolyspora;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Streptococcaceae;Streptococcus;
Bacteria;Proteobacteria;Alphaproteobacteria;Rhizobiales;Methylobacteriaceae;Methy
lobacterium;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Lactobacillaceae;Pediococcus;
Bacteria;Proteobacteria;Betaproteobacteria;Burkholderiales;Comamonadaceae;Coma
monas;
Bacteria;Proteobacteria;Betaproteobacteria;Neisseriales;Neisseriaceae;Chromobacte
rium;
Bacteria;Proteobacteria;Gammaproteobacteria;Pseudomonadales;Moraxellaceae;Aci
netobacter;
Bacteria;Proteobacteria;Betaproteobacteria;Burkholderiales;Burkholderiaceae;Burkh
olderia;
Bacteria;Proteobacteria;Deltaproteobacteria;Deltaproteobacteria_order_incertae_sed
is;Syntrophorhabdaceae;Syntrophorhabdus;
Bacteria;Proteobacteria;Gammaproteobacteria;Pseudomonadales;Pseudomonadaceae
;Pseudomonas;
Bacteria;Proteobacteria;Deltaproteobacteria;Desulfuromonadales;Geobacteraceae;G
eobacter;
Bacteria;Firmicutes;Bacilli;Bacillales;Staphylococcaceae;Staphylococcus;
Bacteria;unclassified;unclassified;unclassified;unclassified;unclassified;
Bacteria;Proteobacteria;Alphaproteobacteria;Rhizobiales;Brucellaceae;Ochrobactru
m;
Bacteria;Bacteroidetes;unclassified;unclassified;unclassified;unclassified;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Lactobacillaceae;Lactobacillus;
Bacteria;Proteobacteria;Alphaproteobacteria;Rhizobiales;Methylobacteriaceae;Methy
lobacterium;
Bacteria;Proteobacteria;Alphaproteobacteria;Rhizobiales;unclassified;unclassified;
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OTU00057
OTU00111
OTU00046

Top40
Top41
Top42

429
421
404

OTU00613

Top43

393

OTU00032
OTU00050

Top44
Top45

389
389

OTU00038
OTU00045

Top46
Top47

380
375

OTU00101

Top48

375

OTU00021
OTU00148

Top49
Top50

360
333

Bacteria;Actinobacteria;Actinobacteria;Actinomycetales;Streptomycetaceae;Streptomy
ces;
Bacteria;Proteobacteria;Gammaproteobacteria;Vibrionales;Vibrionaceae;Vibrio;
Bacteria;Firmicutes;Bacilli;Bacillales;Bacillaceae_1;Bacillus;
Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Porphyromonadaceae;Paludibacter
;
Bacteria;Bacteroidetes;Sphingobacteria;Sphingobacteriales;Sphingobacteriaceae;Sphi
ngobacterium;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Leuconostocaceae;Leuconostoc;
Bacteria;Proteobacteria;Betaproteobacteria;Burkholderiales;Alcaligenaceae;unclassif
ied;
Bacteria;Firmicutes;Bacilli;Lactobacillales;Lactobacillaceae;Lactobacillus;
Bacteria;Proteobacteria;Deltaproteobacteria;Desulfovibrionales;Desulfovibrionaceae
;Desulfovibrio;
Bacteria;Proteobacteria;Betaproteobacteria;Burkholderiales;Comamonadaceae;uncla
ssified;
Bacteria;Firmicutes;unclassified;unclassified;unclassified;unclassified;

Figure 2.2 Two-way agglomerative hierarchical analysis on the top50 OTUs and sample
with heatmap reflecting relative abundance of the top50 OTUs. Color (blue to gray to red)
indicates relative abundance (low to medium to high).
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2.3.4 NMDS Analysis
Nonmetric multidimensional scaling (NMDS) ordinations were performed to depict
similarity between all samples excluding PS samples based on Bray-Curtis OTU (at 97%
similarity level) profile distance matrices computed using PC-ORD version 6 (Figure 2.3).
The results were statistically supported through multiple response permutation procedure
(MRPP), which was used to test the significant difference between bacterial communities
grouped by facility (Table 2.3). p-Values were corrected for multiple comparisons using
Bonferroni correction. As with all samples, there were significant community structure
differences between different facilities (p*<0.01) with the exception of facility B and E
(p*=0.015). Axis 1 and 2 of the Bray-Curtis NMDS explained 34.4% and 28.0% of the total
variation of the bacterial communities in all samples, respectively. The correlation between
ordination axes and environmental variables (r2≥0.2) are also indicated in Figure 2.3. The
axes were most correlated with lactic acid (axis 1, r=-0.646; axis 2, r=0.165), acetic acid
(axis 1, r=0.372; axis 2, r=-0.303), and maltose (axis 1, r=0.339; axis 2, r=0.175) (Table 2.4).
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Figure 2.3 Nonmetric multidimensional scaling plots (NMDS) of bacterial communities
from samples grouped by facility. Different patterns of symbols represent different facilities.
Distances between symbols indicate similarity of bacterial community structure, the further
the symbols from each other, the less similar the microbial community structure. Joint plot
vectors are based on environmental variables. The length of the vector indicates strength of
the variable correlated with axes (Stress=11.99).
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Table 2.3 Multiple response permutation procedure analysis on bacterial community
difference between samples grouped by facility. p values not corrected for multiple
comparisons, p* values corrected using Bonferroni correction.
Compared
A vs. B
A vs. C
A vs. D
A vs. E
B vs. C
B vs. D
B vs. E
C vs. D
C vs. E
D vs. E

P
0.000
0.000
0.000
0.000
0.000
0.000
0.001
0.000
0.000
0.000

P*
0.000
0.000
0.000
0.000
0.000
0.000
0.015
0.000
0.000
0.000

Table 2.4 Correlations between environmental variables and ordination axes. DP4+ means
carbohydrates that contain 4 or more glucose units linked together. DP3 means carbohydrates
that contain 3 glucose units linked together.
Axis
DP4+
DP3
Maltose
Dextrose
Lactic acid
Glycerol
Acetic acid
Ethanol

r
0.270
0.180
0.339
0.032
-0.646
-0.018
0.372
-0.070

1
r-sq
0.073
0.033
0.115
0.001
0.418
0.000
0.138
0.005

tau
0.251
0.143
0.098
0.086
-0.183
-0.100
0.066
-0.021

r
0.073
-0.042
0.175
-0.017
0.165
-0.445
-0.303
-0.137

2
r-sq
0.005
0.002
0.031
0.000
0.027
0.198
0.092
0.019

tau
0.108
0.070
0.011
0.002
0.129
-0.317
-0.180
-0.133

To further explore how bacterial community changes during fermentation, NMDS
ordinations need to be conducted using samples grouped by fermentation time. Since samples
were collected by different intervals in different facilities and most facilities only contained
three or fewer batches of samples, only samples from facility A were chosen to generate an
NMDS plot.
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According to Figure 2.4, PS samples were clearly separated from other samples. The results
were also statistically supported through MRPP (Table 2.5). As with all samples, there were
no significant differences between different fermentation time (p*=1.000) except for PS
samples. The difference between samples collected at the 39th hour and DR samples (55th
hour) was smallest (p=1.000).

In Figure 2.4, axis 1 and 2 of the Bray-Curtis NMDS explained 46.3% and 44.8% of the total
variation in samples from facility A. The correlation between OTU profiles and
environmental variables are also indicated in Figure 2.4. The OTU profiles were most
correlated with dextrose (axis 1, r=-0.504; axis 2, r=-0.197), lactic acid (axis 1, r=-0.450; axis
2, r=0.071), and glycerol (axis 1, r=-0.477; axis 2, r=-0.142) (Table 2.6).
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Figure 2.4 Nonmetric multidimensional scaling plots (NMDS) of bacterial communities
from facility A grouped by fermentation time. Different colors of symbols represent different
fermentation time. Distances between symbols indicate similarity of bacterial community
structure, the further the symbols from each other, the less similar the microbial community
structure. Joint plot vectors are based on environmental variables. The length of the vector
indicates strength of the variable correlated with axes (Stress: 7.93103).
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Table 2.5 Multiple response permutation procedure analysis on bacterial community
difference between samples grouped by fermentation time in facility A. p values not
corrected for multiple comparisons, p* values corrected using Bonferroni correction.
Compared
PS vs. 10
PS vs. 18
PS vs. 39
PS vs. DR
10 vs. 18
10 vs. 39
10 vs. DR
18 vs. 39
18 vs. DR
39 vs. DR

P
0.000
0.000
0.000
0.000
0.906
0.156
0.143
0.177
0.144
1.000

P*
0.001
0.001
0.003
0.003
1.000
1.000
1.000
1.000
1.000
1.000

Table 2.6 Correlations between environmental variables and ordination axes. DP4+ means
carbohydrates that contain 4 or more glucose units linked together. DP3 means carbohydrates
that contain 3 glucose units linked together.
Axis
DP4+
DP3
Maltose
Dextrose
Lactic acid
Glycerol
Acetic acid
Ethanol

r
-0.214
0.136
-0.278
-0.504
-0.450
-0.477
-0.306
-0.231

1
r-sq
0.046
0.018
0.077
0.254
0.203
0.228
0.094
0.053

tau
-0.203
-0.060
-0.246
-0.282
-0.317
-0.214
-0.026
-0.069

r
0.308
0.296
0.260
0.197
0.071
-0.142
-0.167
-0.374

2
r-sq
0.095
0.088
0.067
0.039
0.005
0.020
0.028
0.140

tau
0.187
0.166
0.231
0.138
-0.019
-0.114
-0.106
-0.233

2.3.5 Overview of Bacterial Community Structure at Phylum Level
All classified bacterial OTUs were assigned to 28 phyla across all samples including
Acidobacteria, Actinobacteria, Aquificae, Armatimonadetes, Bacteroidetes, BRC1,
Chlamydiae, Chlorobi, Chloroflexi, Deferribacteres, Deinococcus-Thermus, Dictyoglomi,
Elusimicrobia, Firmicutes, Fusobacteria, Lentisphaerae, Nitrospira, Planctomycetes,
Proteobacteria, Spirochaetes, SR1, Synergistetes, Tenericutes, Thermodesulfobacteria,
Thermotogae, TM7, Verrucomicrobia, and WS3. Twenty less abundant phyla, each of which
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accounted for less than 1% in all samples, were assigned to “other bacteria” in the
distribution figures. All OTUs that cannot be classified at the chosen confidence threshold (a
bootstrap cutoff of 60%) at phylum level were assigned to an artificial “unclassified”
phylum. (Figure 2.5a-e).

In facility A (Figure 2.5a), across all samples, the two most abundant phyla Firmicutes
(73.7%) and Proteobacteria (22.2%) accounted for 95.9% of total community composition on
average. The third most abundant phylum was Actinobacteria (2.3%). In fermentation tanks
(excluding samples collected from the yeast propagation tank), generally Firmicutes
exhibited a trend of reduction and Proteobacteria showed a gradual increase during
fermentation.

100%

Sequences per Phylum
(% of total)

90%
80%
70%
60%
50%
40%
30%
20%
10%
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Firmicutes

Proteobacteria

Actinobacteria

Bacteroidetes

Thermodesulfobacteria

Chloroflexi

Chlorobi

Spirochaetes

Unclassified

Other Bacteria

Figure 2.5a Phylum-level taxonomic distribution for samples from facility A.
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Like samples from facility A, the two most abundant phyla in facility B were also Firmicutes
(49.9%) and Proteobacteria (43.1%) which accounted for 93.0% of the total sequences
identified at the phylum level on average (Figure 2.5b). In contrast with facility A, there was
an obvious decrease in the population of Firmicutes and a dramatic increase in the population
of Proteobacteria during the fermentation. The third and fourth most abundant phyla were
Actinobacteria (3.3%) and Bacteroidetes (1.9%), respectively.

Sequences per Phylum
(% of tatal)

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

B1-PS B1-10 B1-25 B1-45 B1-DR

B2-PS B2-10 B2-25 B2-45 B2-DR
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Proteobacteria

Actinobacteria

Bacteroidetes

Thermodesulfobacteria

Chloroflexi

Chlorobi

Spirochaetes

Unclassified

Other Bacteria

Figure 2.5b Phylum-level taxonomic distribution for samples from facility B.

In facility C (Figure 2.5c), across all samples, bacterial community structure showed relative
stability across the fermentation, with a slight increase in Proteobacteria and a small
reduction in Firmicutes. The three most abundant phyla were Proteobacteria (63.8%),
Firmicutes (12.8%), and Actinobacteria (12.0%), accounting for 88.6% of the total
community composition on average. Compared to facility A and B, the most dominant
bacteria in facility C belonged to Proteobacteria. The fourth and fifth most abundant phyla
were Bacteroidetes (4.4%) and Thermodesulfobacteria (3.6%), respectively.
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Figure 2.5c Phylum-level taxonomic distribution for samples from facility C.

In facility E (Figure 2.5e), the two most abundant phyla were also Proteobacteria (48.9%)
and Firmicutes (45.5%) accounted for 94.4% of the total sequences identified at the phylum
level on average. However, there was no distinct pattern of population change in those two
phyla. The third most abundant phylum was Bacteroidetes (1.8%).
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Figure 2.5e Phylum-level taxonomic distribution for samples from facility E.
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Unlike the other four facilities, facility D uses a continuous fermentation strategy. The
bacterial community structure was highly monotonous; Firmicutes alone accounted for
99.2% of the sequences on average. The second most dominant phylum was Proteobacteria
(0.07%) (Figure 2.5d).
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Figure 2.5d Phylum-level taxonomic distribution for samples from facility D.

The largest groupings at phylum level were, unsurprisingly, Firmicutes, which represented
12.8-99.2% of total sequences on average. Proteobacteria was the second largest. Those two
phyla comprised more than 90% of the samples across all the facilities with the exception of
facility C (88.6%). However, the relative abundance of those two phyla were negatively
correlated with each other (R² = 0.97) (Figure 2.6).

PS samples were collected from yeast propagation tanks, which differed from other samples
collected from fermentation tanks. However, based on bacterial distribution at phylum level,

38

the vast majority of phyla detected in fermentation tanks also existed in yeast propagation
tanks.
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Figure 2.6 Correlation between population of Firmicutes and Proteobacteria.

2.3.6 Analysis of Bacterial Community Structure at the Genus Level
The bacterial community structures across all samples were further analyzed at the genus
level. All classified bacterial OTUs were assigned to 367 genera. There were 29 genera,
which accounted for more than 2% of all sequences in at least one sample, including
Acetobacter, Bacillus, Burkholderia, Chromobacterium, Clostridium_sensu_stricto,
Desulfotomaculum, Dysgonomonas, Enterococcus, Escherichia_Shigella, Geobacter,
Lactobacillus, Lactococcus, Leuconostoc, Methylobacterium, Paenibacillus, Pediococcus,
Pseudomonas, Saccharopolyspora, Sphingobacterium, Sphingomonas, Stenotrophomonas,
Streptococcus, Sulfurospirillum, Syntrophorhabdus, Thermoanaerobacterium,
Thermodesulfobacterium, Vibri, Weissella, and Zoogloea. Another 338 less abundant genera
were clustered into “other bacteria” in distribution figures. All OTUs that could not be
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classified at the chosen confidence threshold (a bootstrap cutoff of 60%) at genus level were
assigned to an artificial “unclassified” genus (Figure 2.7a-e).

In facility A (Figure 2.7a), the two most abundant genera in fermentation tanks were
Lactobacillus and Weissella, both of which belong to the lactic acid bacteria clade. In most of
the PS samples, Acetobacter occupied a significant portion, but it only accounted for less
than 0.2% in fermentation tanks on average.
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Figure 2.7a Genus-level taxonomic distribution for samples from facility A.

In facility B (Figure 2.7b), the three most abundant genera in fermentation tanks were
Pseudomonas and Escherichia_Shigella. With fermentation time increasing, the population
of lactic acid bacterium Lactococcus decreased dramatically and the population of
Pseudomonas and Escherichia_Shigella increased.
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Figure 2.7b Genus-level taxonomic distribution for samples from facility B.

In facility C (Figure 2.7c), unclassified genera accounted for a significant portion across all
samples. The most abundant genera were Pseudomonas, Escherichia_Shigella,
Lactobacillus, and Sulfurospirillum which constituted more than 5% of the total population,
respectively.
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Figure 2.7c Genus-level taxonomic distribution for samples from facility C.

In facility E (Figure 2.7e), there was a considerable portion of unclassified genera in most
samples. The bacterial genus structure differed in three batches, and there was no obvious
trend in terms of genus shift. In fermentor 2, the most dominant genera were lactic acid
bacteria, Lactococcus and Lactobacillus. In fermentor 3 and 5, Pseudomonas and
Escherichia_Shigella constituted a large portion of the bacterial population.
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Figure 2.7e Genus-level taxonomic distribution for samples from facility E.

Even at the genus level, each sample from facility D exhibited a highly uniform bacterial
community structure. Lactobacillus alone accounted for over 99% of the bacterial population
on average (Figure 2.7d).
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Figure 2.7d Genus-level taxonomic distribution for samples from facility D.

The relative genus abundance analysis revealed that genus distribution pattern differed
among different facilities. In samples from facility A and D, lactic acid bacteria dominated in
bacterial community composition. Two genera Pseudomonas and Escherichia_Shigella
constituted an important portion of bacterial population in samples from facility B, C, and E.
From further statistical analysis, the two genera’s populations were positively correlated with
each other (R² = 0.91) (Figure 2.8). In addition, the sum of their population was negatively
correlated with lactic acid bacterial population (R² = 0.84) (Figure 2.9).
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PS samples differed from other samples collected from fermentation tanks in terms of
bacterial community structure with the exception of facility C. However, similar to bacterial
distribution at the phylum level, the vast majority of genera detected in fermentation tanks
could also be found in PS samples.

2.3.7 Alpha Diversity Analysis on DR samples
Because bacterial community structure did not change significantly during fermentation
(Figure 2.4) and samples were collected at different intervals in different facilities, only
samples collected at the end of fermentations (DR samples) were used for alpha diversity
analysis.

Good's coverage estimator evaluates sampling completeness by calculating the probability
that the next OTU randomly picked belongs to OTUs that have already been sequenced. At
the 97% similarity level, all DR samples had more than 99% coverage (Table 2.7), indicating
that after subsampling the overwhelming majority of the diversity can be retained.

Chao1 species richness estimator calculates the total number of species in a community.
Compared to species richness estimation, community diversity indices that combine species
richness and abundance into a single value of evenness are more informative at
characterizing community structure. One of the most widely used indices is the Shannon
index, and non-parametric Shannon index is preferred when there are unseen species in a
sample [57].
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Support was observed between rarefaction curves extrapolations and Chao 1 index in terms
of richness measurement among DR samples. For Chao1 index, there was no consistency
among DR samples collected from the same facility. Non-parametric Shannon index did not
exhibit consistency among DR samples in the same facility, either. Nonetheless, negative
correlation between the non-parametric Shannon index and the proportion that lactic acid
bacteria accounted for in the community was observed except for facility D (Table 2.7). As
an example, Figure 2.10 shows strong negative correlation between Np-Shannon index and
LAB proportion in DR samples from facility A (R² = 0.99). Based on both Chao1 index and
non-parametric Shannon index, the bacterial community from facility D was significantly
less diverse than that of other facilities.
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Table 2.7 Chao1 index, Good’s coverage, and Np-Shannon index from DR samples.
Facility

A

Sample Name Chao1 Good's coverage Np-Shannon LAB proportion
A21-DR

97

99.24%

1.17

91.27%

A12-DR

97

99.22%

1.15

90.65%

A22-DR

120

99.14%

1.34

85.58%

A42-DR

78

99.53%

1.37

85.08%

A11-DR

157

99.06%

1.78

71.06%

A32-DR

127

99.37%

2.01

61.94%

A41-DR

127

99.43%

2.20

61.81%

A31-DR

155

99.24%

3.16

31.92%

B3-DR

78

99.69%

1.89

11.31%

B2-DR

81

99.63%

1.90

10.84%

B1-DR

102

99.53%

2.44

8.57%

C3-DR

93

99.63%

2.37

5.77%

C1-DR

125

99.48%

2.71

2.01%

D12-DR

13

99.90%

0.38

99.56%

D11-DR

15

99.90%

0.70

99.19%

D13-DR

29

99.79%

0.64

97.44%

E3-DR

64

99.48%

1.38

93.76%

E2-DR

106

99.43%

2.17

36.34%

E5-DR

170

99.22%

3.23

16.64%

B

C

D

E
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Figure 2.10 Correlation between Np-Shannon index and LAB proportion in DR samples
from facility A.

2.3.8 The Correlation between Lactic Acid Content and CFU
The correlations between lactic acid content and CFU were constructed from all batches of
samples excluding PS samples. Positive correlations were observed in batches from facility
A, C, and D (Table 2.8).
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Table 2.8 Equation and R-squared value of correlation between lactic acid content and CFU.
Y represents lactic acid content. X represents log CFU/mL.
Batch Name
A21
A31
A41
A11
A32
A42
A22
A12
B1
B2
B3
C1
C3
D11
D12
D13
E5
E2
E3

Correlation equation
y = -0.0158x + 0.2532
y = -0.0353x + 0.3158
y = -0.0231x + 0.2038
y = -0.0126x + 0.167
y= -0.0213x + 0.2164
y = -0.0242x + 0.2357
y = -0.0084x + 0.1298
y = -0.1419x + 0.7775
y = -0.013x + 0.1184
y = 0.0041x + 0.0891
y = -0.0074x + 0.1063
y = -0.0578x + 0.3473
y = -0.0294x + 0.2297
y = -0.0542x + 0.5563
y = -0.1381x + 0.6429
y = -0.096x + 0.4707
y = -0.0058x + 0.1782
y = -0.0623x + 0.6125
y = -0.0136x + 0.1995

R-squared value
0.9794
0.6819
0.5317
0.9131
0.4791
0.9374
0.9048
0.9702
0.4922
0.0908
0.6348
0.9253
0.9606
0.7542
0.4939
0.8824
0.2111
0.5084
0.2475

2.4 Discussion
With the previously unattainable depth of Illumina Miseq sequencing, the study explored a
much more diverse bacterial community than previously realized [17]. Over 1360 species
(OTU with 97% similarity) within 367 genera were identified in total from bioethanol
fermentation samples.

The relative phylum abundance analysis revealed a core bacterial group which consisted of
Firmicutes and Proteobacteria in bioethanol fermentation, which was also commonly seen in
fermented food products, such as cheese, pearl millet slurries, wine [58-60]. Bokulich et al.
[60] revealed that in wine fermentation, the bacterial community structure generally
exhibited a gradual reduction of Proteobacteria and increase of Firmicutes with time.
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However, the alteration based on our observation in bioethanol fermentation was the opposite
in most cases. During the fermentation Proteobacteria presented a progressive increase and
Firmicutes showed a gradual decline with time.

According to Bischoff et al. [21], the most abundant contaminant bacteria in corn-based
fermentation in the United States were Lactobacillus species, which was also supported by
Skinner and Leathers [13]. Based on our relative genus abundance analysis, Lactobacillus
species only predominated in 2 facilities, A and D. In the other 3 facilities, genera such as
Pseudomonas, Escherichia_Shigella, and Lactococcus accounted for a considerable portion
of the bacterial community. Chen et al. [61] reported that during study of bacteria in kefir
grains (a yeast and lactic acid bacteria fermentation starter), two unexpected strains of
Pseudomonas spp. and E. coli were identified by DGGE and subsequent 16S rDNA fulllength sequencing. According to our correlation analysis, the population of Pseudomonas and
that of Escherichia_Shigella were positively correlated (Figure 2.8), and their combined
population was negatively correlated with the population of lactic acid bacteria (Figure 2.9).
Those results indicated that under a fermentation environment, certain non-LAB species
could coexist and compete with lactic acid bacteria as the fermentation progresses. Based on
this, it might be possible to use bacteria as inoculum to limit the growth of lactic acid bacteria
in fermentation in the future.

Samples from facility D were unique because they were derived from a continuous
fermentation facility. Even at the genus level, the bacterial community structure exhibited a
highly invariable pattern. Lactobacillus alone accounted for over 99% of the bacterial
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population on average across the fermentation. Alpha diversity analysis also showed that the
bacterial community from facility D was significantly less diverse than those from other
facilities. This suggests that in unfavorable conditions such as an anaerobic environment and
ethanol stress for long time, it would facilitate selection of tolerant bacteria and formation of
low-diversity bacterial community.

According to genus-level taxonomic distribution, in most facilities, bacterial community
composition shifts were observed. The ratio of each bacterial genus varied through the course
of fermentation. Some relative abundant genus at the beginning of the fermentation were
barely seen in the end. In most batches from facility A, top2 OTU (Weissella) was phased out
by top1 OTU (Lactobacillus) through fermentation (Figure 2.2). Even within the same
genus, evident competitions between Lactobacillus species from the onset to the end of the
fermentation were observed. In facility D, although the top4 or top6 OTUs were both
classified as Lactobacillus, top6 OTU was outcompeted by top4 OTU through fermentation
(Figure 2.2). Same shift patterns have been seen in fermented food industry [59]. The
selection of certain bacterial species in the end of fermentation may be due to a combination
of microbial interaction and environmental pressures (pH, temperature, glycerol content, and
ethanol content).

Even though all samples in our study are not considered “bloom” samples due to the
reasonable ethanol yield and low organic acid content, the bacteria detected from these
samples could also be considered as contaminants. According to nonmetric multidimensional
scaling plots (NMDS) of bacterial communities from all samples, different cluster affinities
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among facilities were clearly observed and were confirmed to be significant by MRPP.
Hierarchical cluster with heatmap analyses also showed that some most abundant OTUs were
only detected in one facility (e.g. top1 and top2 in facility A, top4 and top6 in facility D).
These results suggest that the “contaminating” bacteria were facility-specific. In large-scale
fuel ethanol fermentation, contaminants resources were categorized as “direct” including
feedstock, enzymes added, and air, and “indirect” such as pumps and dirty transfer lines [62].
Skinner and Leathers [13] reported that propagated yeast could be a resource for
contamination. Based on our study, the vast majority of genera detected in fermentation tanks
also existed in yeast propagation tanks. It is possible that the yeast tank was not clean enough
and served as the contamination source. The other explanation could be that the
contamination came from feedstock, because during the yeast propagation process a certain
amount of feedstock is added into the yeast tank to accustom yeast to the subsequent
fermentation environment.

One important mechanism by which LAB inhibit growth and interfere with the metabolism
of yeast is through production of lactic acid and acetic acid. Graves et al. [63] revealed that in
corn-based fermentation, rates of ethanol synthesis and final ethanol yield were reduced by
synergistic effects of lactic acid and acetic acid. According to the NMDS analysis (Table
2.4), among environmental variables, unsurprisingly, lactic acid and acetic acid contributed
the most to the variation between samples grouped by facility. This suggests that even though
the fermentations are considered successful by industry standards, their degrees of
“contamination” were different. However, one unexpected result observed was that lactic
acid and acetic acid affected the variance in the opposite direction.
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NMDS ordinations using samples grouped by fermentation time (Figure 2.4) showed
significant difference between PS samples and other samples in OTU profiles. Compared to
the fermentation tank, the yeast propagation tank is more aerobic and much smaller, which
provides a different habitat for the bacterial community. The NMDS plot also showed that
community structure difference between samples collected at 39th hour and 55th hour (DR
samples) was smallest (p=1.000 even before correlation), indicating that the community
structure was inclined to maintaining stability toward the end of fermentation.

This study was, to our knowledge, the first to apply 16S rRNA-based next generation
sequencing to profile bacterial community structure on samples from corn-based bioethanol
fermentation. It provides substantial information about biodiversity; however, there is little in
the way of other research reports to compare it with. More relative work using the sensitive
techniques are needed for a better understanding of bacterial community dynamics and their
influence on bioethanol fermentation in future, such as metagenomics and
metatranscriptomics analyses which target at specific metabolic genes to illuminate bacterial
functional roles in corn-based bioethanol fermentation.

2.5 Conclusion
This study revealed bacterial community structure across corn-based fuel ethanol
fermentation. Our results suggest that bacterial community structure is facility-specific,
although there are two core bacterial phyla, Firmicutes and Proteobacteria. Feedstock,
facility, and fermentation technology (continuous vs. non-continuous) may explain the
difference in community structure between different facilities. Lactic acid, the most
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important environmental variable that influence bacterial community structure grouping,
could be utilized as indicator of bacterial contamination. To control contamination caused by
lactic acid bacteria in bioethanol fermentation, a potential bacterial inoculum could be tested
in the future. This is a model study using next-generation sequencing to profile bacterial
community in bioethanol fermentation. It provides substantial information about biodiversity;
however, there is little in the way of other research reports to compare it with. More relative
works using the sensitive technique tools are needed for a better understanding bacterial
community dynamic and its influences on bioethanol fermentation.
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Chapter 3: Detection of Antibiotic Resistance Genes from A Multiple Antibioticresistant Enterobacter cloacae Strain Isolated from A Bioethanol Fermentation Facility
3.1 Introduction
3.1.1 Enterobacteriaceae Family and Enterobactercloacae
While Gram positive lactic acid bacteria (LAB) are the most common contaminants, some
Gram negative bacteria are also isolated from ethanol fermentation facilities. These are
typically acetic acid bacteria and members of the Enterobacteriaceae family [18]. As
common members of the intestinal flora in human, the Enterobacteriaceae includes notable
pathogens Escherichia coli and Klebsiella pneumoniae, both of which are responsible for the
most important causes of human community-onset and hospital-acquired bacterial infections
[64], and members of the Enterobacter genera. Enterobacter are facultative anaerobic
bacteria that are ubiquitous in nature. Besides being found in the human gastrointestinal tract,
they are also found in soil and sewage so that these bacteria are considered saprophytic [65].
Members of the Enterobacter genus are well known as opportunistic pathogens, one
representative species is Enterobacter cloacae [66].

Enterobacter cloacae is widely distributed in nature, as it can be found in water, soil, food,
and sewage [56, 67]. It is also one of the most commonly found hospital-acquired pathogen
in recent years, especially in neonatal and intensive care units [68]. It is responsible for 4% of
hospital-acquired urinary tract infections, 5% of nosocomial pneumonias, 5% of nosocomial
sepsis, and 10% of postsurgical peritonitis incidents [66].
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3.1.2 Antibiotic Resistance in Enterobacteriaceae
The β-lactam antibiotics, such as penicillins, cephalosporins, and carbapenems, are a major
drug class used to treat serious Enterobacteriaceae infections [64]. However, over the past
decade, the Enterobacteriaceae have become more and more resistant to β-lactams, which
brings a major challenge to clinical therapeutic choices. Resistance against β-lactams in the
Enterobacteriaceae family is mainly driven by enzymatic hydrolysis of the β-lactam ring by
β-lactamases. Based on molecular classification, β-lactamases are divided into four classes:
class A (penicillinases), class B (metalloenzymes), class C (cephalosporinases) and class D
(oxacillinases), and all four classes of β-lactamases have been found in E. cloacae [66].
Genes responsible for resistance to other antibiotics such as macrolides and streptogramins,
have also been found among the Enterobacter genus. This includes ribosomal
methyltransferase genes (ermB), macrolide efflux pump genes (msrA, msrD, and mefA), and
erythromycin esterase genes (mphA and mphB). Among these, the erythromycin ribosomal
methyltransferase gene class (erm genes) are the most pervasive mechanism responsible for
the MLSB phenotype (resistant to macrolides, linocosamides, and streptograminB) [69].

3.1.3 Objective
The purpose of the study was to identify genes responsible for the multiple antibioticresistance phenotype of an E. cloacae strain isolated from a bioethanol fermentation facility
after assessing its levels of resistance to antibiotics that are added prophylactically to
bioethanol fermentors.
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3.2 Materials and Methods
Bacterial isolation, DNA extraction, taxonomic classification based on the 16S rRNA gene,
and antibiotic resistance assays of the E. cloacae strain F3S3 were performed previously by
research technician Colin Murphree of the Department of Plant and Soil Sciences, University
of Kentucky. Comparison of the resulting 16S rRNA gene sequence indicated that this
bacterium was most closely related to members of the Enterobacter cloacae complex,
possessing the highest sequence homology (99%) to E. cloacae subsp. dissolvens strain SB
3013 (Accession No. GU 191924.1). The strain was named based on the facility (facility 3)
and strain number (strain 3) from that facility (Enterobacter cloacae F3S3). According to the
minimal inhibitory concentration (MIC) assays, this E. cloacae F3S3 shows high levels of
resistance to three commonly used antibiotics in bioethanol fermentation for prophylactic
purpose (Table 3.2). A further zone-of-inhibition assay was performed, proving that the E.
cloacae strain F3S3 used an antibiotic inactivation mechanism to resist penicillin and
virginiamycin, but not erythromycin (Table 3.2).

3.2.1 Primer Selection for Detecting Antibiotic Resistance Genes
PCR assays were used to detect the presence of canonical resistance genes. Targets were
genes conferring resistance either to β-lactams: ampC; macrolides: ere(A, B), erm(A, B, C,
G), erm(G, T), mef(A, E), mph(A, B, C), mph(D), mph(E), mph(F), msr(A, B); or
streptogramins: lsa(A, C), vat(A, C, F), vat(B, D, E), vat(H), vga(A), vga(B), vgb(A), and
vgb(B). The sequences of primers (Integrated DNA Technologies, Coralville, IA) used for
PCR are listed in Table 3.1, including degenerate primers designed based on one or more
gene sequences per gene class.
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Table 3.1 PCR primers used for detection of antibiotic resistance genes.

Target genes or
primer name
ampC
ere(A, B)
erm(G, T)
mph(A, B, C)
mph(D)
mph(E)
mph(F)
vat(A, C, F)
vat(B, D, E)
vat(H)
vgb(B)
mef(A, E)
vga(A)

vga(B)
vgb(A)
lsa(A, C)
erm(A, B, C, G)
msr(A, B)

F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:
F:
R:

Primer sequence (5'-3')
GACAAAATCCCTTTGCTG
CTCAGAATACGGTATGC
CTCATTTYRTMRMRGARTT
GGWGTTTTTTGWAKATG
AAATATAAAAGATAGTCAAAA
CCATATTCCACTATTAAATAAG
TGGGTKCTRMGMWTSCCK
ARCCCYTCTTCMCCAAA
CTCCTGTAACCAAGCCAATTG
TTATCAACCCCGACCAGATTA
ATGACAATTCAAGATATTCAATC
TTATATAACTCCCAACTGAGC
ATGCTGCACGACACGGACCG
TCAAATCCCTGGCGCCGAC
ATTGGDGATAARYTRAT
ACMGGCATAATBRWYACATC
TTATYATGAAYGGWGCMAAYCA
ATKGCWCCRTCHCCKATTT
ATGGCAGAAAAATTAAAAGG
CTAATCATTTTCTTTAGAAA
GTTTCTATGCTGATCTGAATC
GGTCTAAATGGCGATATATGG
AGTATCATTAATCACTAGTGC
TTCTTCTGGTACTAAAAGTGG
CCAGAACTGCTATTAGCAGATGA
A
AAGTTCGTTTCTCTTTTCGACG
TGACAATATGAGTGGTGGTG
GCGACCATGAAATTGCTCTC
ACTAACCAAGATACAGGACC
TTATTGCTTGTCAGCCTTCC
GGCAATCGCTTGTGTTTTAGCG
GTGAATCCCATGATGTTGATACC
GAAATIGGIIIIGGIAAAGGICA
AATTGATTCTTIGTAAA
GCAAATGGTGTAGGTAAGACAA
CT
ATCATGTGATGTAAACAAAAT
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GenBank entries used for
Anneal primer design or reference
temp. for primer origin
50°C NC_018405.1
45˚C AY183453, A15097
45˚C L42817.1, M64090.1
50˚C D16251, D85892,
AB013298
55˚C AB048591
50˚C FR751518
55˚C AM260957
45˚C L07778, AF015628,
AF170730
50˚C U19459, L12033,
AF139725
45˚C GQ205627.2
50˚C AF015628
50˚C [70]
55˚C [71]
55˚C [71]
50˚C [72]
55˚C [73]
37˚C [71]
55˚C [71]

3.2.2 PCR Analyses
All PCRs were performed in a S1000 Thermal Cycler (Bio-Rad, Hercules, CA). Each
reaction contained 1×DreamTaq DNA polymerase mastermix (Thermo Fisher Scientific,
Waltham, MA), 0.5 µM of forward primer, 0.5 µM of reverse primer, and 1 ng/µL of E.
cloacae F3S3 genomic DNA. Amplification of antibiotic resistance genes was performed
using the following cycling parameters: an initial ten min denaturation at 95°C; followed by
30 cycles of 30 sec denaturation at 95°C, 30 sec annealing (temperature indicated in Table
3.1), and two min elongation at 72°C; and a final elongation of 72°C for 30 min. Ten µL of
PCR products was checked by gel electrophoresis. Gel electrophoresis was performed using
1.0% agarose gel made from 1×TAE buffer (40 mM Tris, 20 mM acetic acid, and 1 mM
EDTA, pH 8.0). The gel was generally run at 100 volt for 30 minutes along with a GeneRuler
1 kb plus DNA ladder (Thermo Fisher Scientific, Waltham, MA). After staining in ethidium
bromide solution (0.5 µg/mL) for 30 minutes and distaining for 15 minutes, the gel was
visualized under UV by a FOTO Investigator/FX Systems (FOTODYNE Incorporated,
Hartland, WI) using Analyst PC Image Acquisition Software (FOTODYNE Incorporated,
Hartland, WI).

For amplification reactions showing a band of appropriate size, the remaining 15 µL of the
PCR was purified by GeneJET PCR Purification Kit (Thermo Fisher Scientific, Waltham,
MA). In the last step of purification, PCR products were eluted in 20 µL of Elution Buffer.
The concentration of DNA was quantified immediately by using a BioTek micro-volume
plate reader (BioTek, Winooski, VT), and tubes containing DNA were then stored in a -20°C
freezer.
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3.2.3 Ligation
The purified PCR products were cloned into the pGEM-T vector by using pGEM-T Vector
System I (Promega, Madison, WI). Each reaction contained 25 ng insert DNA, 50 ng vector
DNA, 1× Rapid Ligation Buffer, and T4 DNA Ligase 2 units. The ligation mixture was
incubated for 1 hour at room temperature and then transferred to 4°C for overnight
incubation. On the next day, the ligation mixture was heated to 70°C for 10 minutes to
inactivate the reaction.

3.2.4 Preparation of Electrocompetent Cells
A frozen glycerol stock of Escherichia coli EPI 300 bacteria were streaked on a Luria
Bertani (LB) broth [74] agar plate. The plate was incubated overnight at 37°C. A single
colony of E. coli was picked from the LB plate and inoculated into a culture tube containing
5 mL of sterile LB liquid media. The tube was incubated in a shaker overnight at 37°C. After
aliquoting 200 µL of overnight starter culture into each 2 mL microcentrifuge tube and
adding 800 µL of sterile LB media, the tubes were incubated in shaker at 37°C for 1 hour.
Then the aliquots were chilled on ice for ten minutes. The cells were harvested by
centrifugation at 6000 rpm for 10 minutes at 4°C. The supernatant was discarded, and the cell
pellet was gently resuspended in 1 mL of ice cold sterile Milli-Q (MQ) water. Then the cells
were chilled and harvested again. After decanting the supernatant, the cell pellet was gently
resuspended in 1mL of ice cold filter-sterilized 10% glycerol. Then the cells were chilled and
harvested one more time, and the cell pellet was finally gently resuspended in 50 µL of ice
cold filter-sterilized 10% glycerol. Electrocompetent cells were stored in the -80°C freezer.
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3.2.5 Transformation
After desalting by 0.025 µm membrane filter (Merck Millipore, Billerica, MA), ligation
products were transferred to a microcentrifuge tube containing 50 µL of electrocompetent
cells and mixed well. The mixture was transferred into a chilled 0.1 cm electroporation
cuvette (USA Scientific, Ocala, FL). The cuvette was placed in the slot of the Gene Pulser
Xcell microbial system (Bio-Rad, Hercules, CA), and the electroporation proceeded using
pre-set parameters for E. coli electroporation: voltage 1.8 kV, capacitance 25 µF, resistance
200 Ω, and cuvette 1 mm. The mixture in the cuvette was suspended using 1 mL of LB
media and removed to a microcentrifuge tube. After recovering for one hour in a shaker at
37°C, 100 µL of the transformation reaction was plated on an LB agar plate containing
carbenicillin (100 µg/mL), 40 µL of X-Gal (20 mg/mL), and 40 µL of 100 mM IPTG. The
plate was incubated overnight at 37 °C. Because the blue phenotype usually indicates no
inserts incorporated into the pGEM-T vector to disrupt the expression of the lac z gene, a
colony with white phenotype was picked and propagated overnight at 37 °C in LB liquid
media with carbenicillin (100 µg/mL) for plasmid miniprep.

3.2.6 Plasmid Miniprep and Cycle Sequencing
Plasmid miniprep was performed using GeneJET Plasmid Miniprep Kit (Thermo Fisher
Scientific, Waltham, MA). The concentration of recombinant plasmid was quantified by
using a BioTek micro-volume plate reader. Cycle sequencing was conducted using BigDye
Terminator v3.1 Cycle Sequencing Kit (Life Technologies, Carlsbad, CA). Each 10 µL
reaction contained 2 µL of Terminator Ready Reaction Mix, 1 µL of 10 µM T7 promoter
primer (5´- TAATACGACTCACTATAGGG- 3´) or SP6 promoter primer (5´-
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TATTTAGGTGACACTATAG- 3´), 200 ng of recombinant plasmid, and deionized water.
Thermal cycling parameters were as follows: an initial 5 minutes at 95°C; and 30 cycles of
15 seconds at 95°C, 15 seconds at 50°C, and 4 minutes at 60°C. After the cycle sequencing,
the products were cleaned up using Agencourt CleanSEQ- Dye Terminator Removal
(Beckman Coulter, Pasadena, CA). The purified products were sent to Advanced Genetic
Technology Center at the University of Kentucky for Sanger sequencing. The raw sequence
data were loaded in DNASTAR software for end-trimming and contig-assembly. The
assembled contiguous sequences, minus pGEM-T vector sequence, were queried against
GenBank using a nucleotide BLAST to identify the gene sequence and to find out to which
antibiotic resistance gene class the sequence belonged [75].

3.3 Results
Among all PCRs for detection of canonical resistance genes, only two showed bands of the
expected size. The PCR product amplified using the ampC gene primers proved to be an
ampC gene. The 1128 base pair ampC sequence was submitted to GenBank (Accession No.
KF672185). The sequence showed identity to E. cloacae strain TR1654 plasmid ampC gene
(Accession No. DQ478705.1) and E. cloacae ENHKU01 complete genome (Accession No.
CP003737.1) at 99% and 98%, respectively. The other PCR product was amplified using
erm(G, T) gene primers. According to BLASTN result against nucleotide databases, the 378
base pair sequence (Accession No. KF562731) showed 96% identity to both Bacteroides
thetaiotaomicron conjugal transposon (Tcr Emr 7853) rRNA methyltransferase gene
(Accession No. L42817.1), and Bacillus sphaericus ermG gene encoding rRNA
methyltransferase (macrolide-linocosamides-streptograminB) (Accession No. M15332.1).
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Table 3.2 shows that penicillin resistance of E. cloacae F3S3 is mediated by antibiotic
inactivation mechanism, as opposed to resistance to erythromycin. This is consistent with the
resistance mechanisms of both the ampC-encoded β-lactamase and the ermG-encoded
ribosomal methyltransferase. Our attempts to amplify canonical virginiamycin resistance
gene were unsuccessful (Table 3.1). This indicates that either the PCR degenerate primers
were not optimized for amplification within these gene classes, or that this E. cloacae strain
used a heretofore unidentified mechanism for resistance.

Table 3.2 E. cloacae F3S3 antibiotic resistance. aMinimum inhibitory concentration,
b
Antibiotic inactivation as determined by zone-of-inhibition assays, cGene responsible for
the antibiotic resistance phenotype, dNo canonical virginiamycin resistance gene was
identified.
Antibiotic

MIC (µg ml-1)a

Inact.b

Genec

Penicillin
Erythromycin
Virginiamycin

8
64
>512

Yes
No
Yes

ampC
ermG
NAd

3.4 Discussion
Researchers have begun to explore non-hospital environments for antibiotic resistance,
because they might be potential reservoirs for nosocomial resistant isolates. For example,
ampC-containing E. cloacae isolates have been found in retail ground beef, cattle farms, and
processing facilities [76], indicating alternative mechanisms by which humans may face
antibiotic resistant isolates of this species. Even though Gram negative bacteria can limit the
efficacy of large, hydrophobic drugs such as macrolides and streptogramins due to their outer
membrane [77], these antibiotics are effective against certain Gram negative cocci [78]. In
fact, in a wide variety of Gram negative genera, genes conferring resistance to those two
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antibiotic classes have been identified. Within the Enterobacter genus, ribosomal
methyltransferase enzymes (encoded by the ermB gene), macrolide efflux pumps (msrA,
msrD, and mefA genes), erythromycin esterase enzyme (ereB gene), and macrolide
phosphotransferase enzymes (mphA and mphB genes) have been identified [79]. The
erythromycin ribosomal methyltransferase gene class (erm genes) is the most commonly
found to confer the MLSB phenotype, and the only one among over 30 different erm gene
classes has been identified in the Enterobacter genus is the ermB class [79]. This is the first
time that ermG gene has been identified in this genus. While the significance of its presence
of ermG gene in E. cloacae F3S3 is not known, it has been most particularly identified
among Gram positive bacteria isolated from porcine feces and among human intestinal
Bacteroides species where it exists as a part of an insertion element [80]. The erm gene class
is also known for its association with other antibiotic resistance genes in modular genetic
elements [81-83].

The MLSB phenotype conferred by the ermG gene may also contribute to the high level of
virginiamycin resistance noted for E. cloacae F3S3. However, this does not explain the
virginiamycin inactivation phenotype (Table 3.2). While virginiamycin acetyltransferase
enzymes (vat genes) have been identified in certain Gram negative bacteria [79], there was
no vat genes amplified using any of the vat primer sets. The only other noted virginiamycin
inactivation gene class, the virginiamycin lyases (vgb genes), was not amplified either. Two
possibilities to explain this outcome are either that the degenerate primer sets might not be
optimized for amplifying a new vat or vgb gene divergent from those currently identified, or
that the inactivation is occurring through an unknown mechanism at this time. So far, no
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known inactivation mechanisms against streptogramins have been characterized among the
Enterobacter genus.
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